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1. Introduction

2. Combination of outputs (majority vote)

3. Bagging approach

4. Boosting approach

5. Stacking approach

6. Applications

a. TORRES project

i. Traffic imputation

ii. Data fusion

b. Ramp events forecasting on power generation

• Increase accuracy: Combining models usually 
performs better than using each model 
individually.

• Increase robustness: Ensembles reduce the risk 
of bad predictions.

• Tackling complex problems: Some problems 
are simply too complex for one model to handle 
alone.

Ensembles
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How can an ensemble of ML models (the adventurers) solve a complex 
problem (a mystery) better than a single model (a hero)?

The magician 
(magic)

The bard 
(creativity)

The barbarian 
(strength)

The bandit (sneaky)

magic  +  creativity +  strength + sneaky =  Success!
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Base classifiers

LDA KNN Decision 
tree

New data

ML model Output labelInput features

It is Virginica It is Versicolor It is Versicolor
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Output combination (Majority vote)

Unanimity

Simple majority

Multiplicity

Classifier i Real class

(or majority vote)

Example 
(Majority vote):

Class

Classifier 1 █

Classifier 2 █

Classifier 3 █

Classifier 4 █

Classifier 5 ∆

Classifier 6 ∆

Classifier 7 ∆

Classifier 8 X

Classifier 9 X

Classifier 10 X

Class

█ ∆ X

Classifier 1 1 0 0

Classifier 2 1 0 0

Classifier 3 1 0 0

Classifier 4 1 0 0

Classifier 5 0 1 0

Classifier 6 0 1 0

Classifier 7 0 1 0

Classifier 8 0 0 1

Classifier 9 0 0 1

Classifier 10 0 0 1

𝑃 𝑘 𝑘=1…3 4 3 3

𝑘∗ █ (4 votes)

𝑃 𝑘 = ෍

𝑖=1

𝐿

𝐼 𝑠𝑖 , 𝑘 ; 𝐼 𝑎, 𝑏 = ቊ
1; 𝑎 = 𝑏
0; 𝑎. 𝑔.

Classifiers

Class given by 
classifier i

Class k

00

𝑘∗ = arg max
𝑘=1⋯𝑛

𝑃 𝑘

Final class

Decision profile

Decision profile
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Ensembles’ approaches – “Bagging”

• The ensemble contains classifiers* trained with bootstrap-replica’s extracted from the “training set”.
• Use “majority vote” to combine the output of the classifiers.
• The classifier should be instable (e.g. Decision Tree): small changes in the “training set” have a large impact in the 

output.

Training set

Classifier 1

Classifier 2

Classifier L

bootstrap-replica’s

Majority vote Final class
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* The same base classifier

Ensembles’ approaches – “Boosting”

• The ensemble is built by adding a classifier* each time.
• The new classifier learns from a dataset that is specifically designed to reduce the errors made by the previous 

classifier.
• Use “weighted vote” to combine the output of the classifiers.

Training set

Classifier 1

Classifier 2

Classifier L

weighted vote Final class

…

𝑤1

𝑤2

𝑤𝐿

How relevant is this classifier?
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𝑘∗ = arg max
𝑘=1⋯𝑛

𝑃 𝑘

Final class
Decision profile

𝑃 𝑘 = ෍

𝑖=1

𝐿

𝐼 𝑠𝑖 , 𝑘, 𝑤𝑖 ; 𝐼 𝑎, 𝑏, 𝑤 = ቊ
𝑤; 𝑎 = 𝑏
0; 𝑎. 𝑔.

Classifier

Class given by 
classifier i

Weight for classifier i

Class k

𝑤𝑖 = ln
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖

𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑡𝑖

* The same base classifier
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Ensembles’ approaches – “Stacking”

• “Stacking” is mostly used to combine different classifiers.
• A “metalearner” uses the classes predicted by the classifiers as input features and the target output is the 

same as in the original “training set”.

Training set

Classifier 1

Classifier 2

Classifier L

Final class

…

metalearner

predicted 
classes
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Applications

Traffic processing foR uRban EnvironmentS

(TORRES)

• Provide authorities and cities with the means to better understand and 
quantify the impact of their policies on traffic and mobility, which 
directly relate to citizen’s quality of life and safety.

• Using AI and machine learning to allow authorities and cities to make 
smarter data-driven decisions.

Traffic 
simulation

Data fusion 
and 
imputation

Traffic 
interpolation

Traffic 
forecasting

Computer 
vision

Data 
visualization
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Data imputation (missing patterns)

Sensor

Time 358477428 916022554 358423364

01/05/2023 00:00 18 23 19

01/05/2023 01:00 13 11 15

01/05/2023 02:00 6 9 6

01/05/2023 03:00 6 ? 5

01/05/2023 04:00 7 13 7

01/05/2023 05:00 11 14 10

01/05/2023 06:00 ? 50 19

01/05/2023 07:00 ? 50 35

01/05/2023 08:00 65 51 ?

01/05/2023 09:00 104 53 106

Data is not 
always available 
(malfunctioning 
devices)

?

?

?

Data missing patterns categorization
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Data imputation (ensemble of imputers)

Proposed imputation approach
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Experiment setting• Neural network-based
• Self-Attention-based Imputation for Time Series (SAITS) 
• Bidirectional Recurrent Imputation for Time Series 

(BRITS)
• Transformer-based imputation (Transformer)
• Unsupervised GAN for Multivariate Time Series 

Imputation (USGAN)
• Naïve:

• Last Observation Carried Forward (LOCF)
• General ML algorithms

• IterativeImputer
• KNNImputer
• Simple imputers

• Matrix completion-based
• Iterative soft thresholding of SVD decompositions 

(SoftImpute)
• Iterative low-rank SVD decomposition (IterativeSVD)
• Direct factorization of the incomplete matrix into low-

rank U and V (MatrixFactorization)

Complete dataset

Validation TestTraining
90% 10%

Mask 10% 
as missing

CAR

NAR

CAR

NAR

Training

Training

HPO
90%

10%

Perform HPO for each model

Retrain

Best HP 
CAR

Best HP 
NAR

Evaluate

Perform
ance 

com
parison
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Data imputation (validation)

Experiment setting
Complete dataset

Validation TestTraining
90% 10%

Mask 10% 
as missing

CAR

NAR

CAR

NAR

Training

Training

HPO
90%

10%

Perform HPO for each model

Retrain

Best HP 
CAR

Best HP 
NAR

Evaluate

Perform
ance 

com
parison
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Data imputation (imputation pipeline)
Imputation pipeline

Model 1
CAR

Model n
CAR

Model 1
NAR

Model n 
NAR

Model 1
Aggregated 
predictions

Model n
Aggregated 
predictions

Final 
aggregated 
predictions… …
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Data imputation (main results)
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Counting loops

ANPR cameras

Data collected in 2023

Data fusion in traffic
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Data fusion (ensemble of forecasters)

Initial 
HP 

setting

Stacking 
model

Evaluate 
performance 
on validation 

set

Select a better HP setting

Training Stacking 
model

Retrain 
with 
best HP 
settingGood 

enough
?

Evaluate 
performance 

on test set

[No]

[Yes]

Training: 10 months
Validation: 1 month
Test: Last 4 weeks of the year
Lags: 5 (1 hour and 15 minutes)
Forecasting horizon: 45 minutes
Base learner and metalearner: LightGBM
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Data fusion (main results)

Validation set Test set
ANPR 

source
Counting 

loop 
source

ANPR 
source

Counting 
loop 

source
Stacking 
approach

3.3994 8.0415 2.9773 8.4754

Individual training 
(before using the 
metalearner)

3.8994 28.4025 3.382 27.4506

LightGBM trained 
without 
distinguishing 
between data 
sources

3.4585 8.8612 2.9813 9.1121

Mean Absolute Error

Feature importance aggregation (Highlighted 
fi>200)
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Ramp event forecasting

• A ramp event represents a large and fast variation 
in power in a wind farm or portfolio

• Most of the approaches are threshold-based 
methods for binary classification

• Unbalanced classification

* Non-significant ramps tend to last longer than other ramp events

20
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* Non-significant ramps tend to last longer than other ramp events

Ramp event forecasting
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* X. Y. Liu, J. Wu and Z. H. Zhou, “Exploratory Undersampling for Class-Imbalance Learning,” in IEEE Transactions on 
Systems, Man, and Cybernetics, Part B (Cybernetics), vol. 39, no. 2, pp. 539-550, April 2009.

Ramp event forecasting

Proposed approach

• Increasing 𝑙𝑎𝑔𝑠 did not offer any 
improvement

• The probabilistic classifier is a 
strong baseline defined for the 
problem

• EasyEnsemble was the best 
classifier when reducing the 
classes and masking unknown 
events 

Main results:
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Interesting reads
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